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Since companies are exposed to rigid competition, they are seeking 
how best to cultivate the ability of innovations. As one strategy, they 
capitalize on other companies' knowledge more and more in order 
to speed up their innovations. However, acquiring other companies' 
knowledge is not easy since they have different climates and tacit 
knowledge. To tackle this problem, we consider not only companies 
but the inventors in companies because the actual providers of in- 
novations are inventors and there definitely exists synergy between 
inventors and companies. 

In this paper, the dynamics between two networks whose nodes 
represent inventors and companies are clarified. By using US and 
JP patent data, we extracted collaborations between inventors and 
companies and created two different projected networks where one 
of nodes are inventors and another of nodes are companies, re- 
spectively. We discussed the relationship between networks and the 
impact of patents and found that the impact was strongly affected 
by both inventors' and companies' repetition of collaborations. This 
means that considering layered networks is important. Finally, we 
created a model to replicate the two-layered network on the basis 
of Guimera's model for inventors. It could replicate the observed 
network well in terms of degree distributions. 

Company | Inventor | Network | Patent | Joint application | Innovation 

Introduction 

Companies increasingly need the capacity of innovations be- 
cause of growing competition [I] [2], and they consider the core 
of the capacity is knowledge [21 OH]- They can take various 
strategies to acquire the knowledge, but, in particular, we dis- 
cuss the collaboration between companies, which is becoming 
more important recently [6]. 

Companies capitalize on other companies' knowledge more 
and more [71 [8] because speeding up innovations is possible by 
means of capitalizing 3 . Commensurate with this, co-patents 
between companies are increasing [9]. However, it is not easy 
to acquire other companies' knowledge since they have differ- 
ent climates and unique tacit knowledge [10] . Therefore, it 
is an open problem when companies should collaborate with 
other companies and which companies they should collaborate 
with. 

To tackle this problem, we consider not only companies 
but the inventors in companies because the actual providers 
of innovations are inventors, and there definitely exists syn- 
ergy between them. For example, it has been exemplified that 
if a city is attractive, more innovative people come, and that 
makes the city more attractive to external innovative people 
[11] . This is natural because most new ideas come from the 
integration or recombination of existing knowledge originating 
from different inventors [12] . 

Here, in this paper, the dynamics between inventors and 
companies from the viewpoint of the network of collabora- 
tions are clarified. There are a vast variety of the collabora- 
tions. However, we can acquire joint-applications of the patent 
data of companies in the United States (US) and Japan (JP) 
patents data as one of the collaborations. Also, we create a 
model to replicate a two-layered network in order to under- 
stand the evolution of the network and offer the capability of 
predicting the growth of the network. 



The next section shows related studies to clear up the po- 
sition of this research. Then, we explain the data and show 
how inventors and companies are mutually affected in terms 
of collaboration networks. In the following section, we pro- 
pose the model and verify how it can replicate the observed 
network. Finally, we summarize this paper. 



Related Studies 

From the view point of collaboration networks, many stud- 
ies have analyzed and created models to replicate them 
[131 1141 1151 116] - Since all of the previous studies did not dis- 
cuss the two-layered network that we discuss in this study, 
the previous studies are different from this study. If we es- 
pecially regard the networks in this study as not only col- 
laboration networks but creative networks as well, we should 
mention an important series of research that showed when in- 
ventors or paper authors collaborate, they can create higher 
quality works than solo-authored ones [T7]. In addition 
to that, inter-organizational works are better than intra- 
organizational works IB] . These works are important because 
they give the scaffolding to this study. The major difference 
between these studies and this study is that they study a sin- 
gle type of actor and the networks between them. 

People have discussed inter-company collaborations in 
the broad context of business. In a field called "inter- 
organizational R&D," the most important keyword is "absorp- 
tive capacity." Absorptive capacity is defined as the ability of 
an organization to recognize the value of new external knowl- 
edge, assimilate, and apply it [191 120] . Absorptive capacity 
is based on the knowledge transfer of established knowledge 
[21] , Therefore, the focus is how organizations can absorb ex- 
ternal knowledge. The data we use is the joint-applications 
of companies and inventors. This means that knowledge is 
created between companies or inventors. Hence, this study is 
different from the studies of absorptive capacity. 



Data 

Patent. Patents are useful for knowing the occurence of inno- 
vations over time [25]. Therefore, using a massive data set 
enables us to grasp the tendency of innovation. As datasets, 
we use US and JP patent data [41 123]. 
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These datasets have a similar strucure. Each patent has 
the ID of the right holders and the inventors that applied for 
the patent. We needed to manipulate the datasets to add two 
pieces of information. The first one is the distinction of com- 
panies. We added the information to the JP dataset on the 
basis of the corporate statuses in organizations' names. In the 
US dataset, NBER had already added the information. The 
second one is the connections between companies and inven- 
tors. Therefore, we created this connection data according to 
the process as described hereinbelow. For the US patents, we 
first collected patents applied for by a single company. Next, 
if an inventor could be found in more than one of the patents 
applied for by a certain company, we connected the inventor 
to the company. For the JP patents, since most inventors' ad- 
dresses contained the names of companies, we could use this 
connection. 

As previously mentioned, it is becoming more common for 
a team of inventors to apply for a patent, and also, the quality 
of the patents are better than solo-authored ones [17] • How- 
ever, it is not common that more than one company jointly 
applies for a patent. The ratio of patents jointly applied for 
by multiple companies to all patents is 1.5% in the United 
States 6! Q, 3.6% in Europe [24], and 7.8% in Japan. The 
difference is based on the laws and customs of the country. 
For example, in the U.S., joint applications between compa- 
nies are the second best because a company cannot sell or 
license a jointly applied patent without the consent of others. 
Therefore, we can assume that even though the ratios based 
on patents are small in the U.S., there are more actual collab- 
orations between companies than shown by the ratio. On the 
basis of a survey, the actual ratio is estimated to be around 
20% [25]. 

Table [T] shows the fundamental data of the datasets. From 
the viewpoint of comparisons between two datasets, the ratios 
of companies' patents are apparently different; 24.7% in the 
US and 86.2% in JP. Patents are strongly based on the laws 
of countries, and the innovation strategies of governments un- 
derlie these laws. Therefore, there is no surprise if they have 
differences. In JP, if inventors belong to companies, the rights 
of the patents basically belong to the companies. In the US, 
in comparison, it is said about 80% of patents are invented 
in companies [3]. Since we can see a big difference in the ac- 
tual ratio (24.7%) and the empirical ratio (about 80%), we 
can recognize that the U.S. has customs different to those of 
Japan. 

Fig. [T]explains how we create the two-layer networks from 
each dataset. The left side of Fig. [1] shows an example for 
three patents, five inventors, and three companies. Each one 
or more of the inventors applys for a patent. Also, each in- 
ventor belongs to a company. On the basis of the tripartite 
network on the left side, we can create two different projected 
networks for the inventor and the company. The inventor net- 
work is a network where every combination of inventors has a 
link if they have at least a patent in common. The company 
network has the same definition, although Fig. [T] does not 
directly describe that. The definition is identical as: if inven- 
tors who apply for a patent belong to different companies, the 
companies have a link. 

Fig. [2] shows the cumulative probability distribution of 
degree for the inventor network. The degree is a measure 
to count the number of links a certain node has. The fig- 
ure shows that the US and JP inventor networks are almost 
identical in degree distributions. Apparently, the distribu- 
tions decay faster than a power law. In the previous studies, 
collaboration networks showed the same distributions as this 
paper [13] [26] or power laws [27] . 



Fig. [3] shows the cumulative probability distribution of 
degree for company networks. Clearly, we can fit lines to 
distributions; therefore, they are power-law distributions. A 
previous study showed that collaboration networks of organi- 
zations in patents have power-law distributions [28] . 

As mentioned ealier, although US and JP patents prob- 
ably have similar structures, joint-applications between US 
companies are not frequent, and therefore, the data has not 
accumulated enough to discuss the structure and its model. 
Hence, we use only JP patent data in the rest of this paper. 

Thinking again that one or more than one inventor apply 
for a patent, we can define a team size for the inventors for 
each patent. In the same way, we can define a team size for 
the companies. Fig. 2] shows the probability distribution of 
the team size of inventors. This distribution does not seem to 
be a power-law distribution as well as the degree probability 
distribution of inventors. The most plausible distribution for 
this is a Poisson distribution. Fig. [5Jis the probability of the 
team size for the companies. As opposed to the inventors' 
team size, the probability shows a power-law distribution. 

Value and impact. So far, we have discussed inventors' and 
companies' networks but not why these two networks should 
be investigated simultaneously. Here, we introduce the value 
of patents to show the importance of investigating the layered 
networks. If we can see a significant deviation of the value in 
some specific structures of the layered networks, it indicates 
the importance of the networks. 

The value of patents has a large diversity. It is said that 
40% of patents are useless [25] or, more strongly, most patents 
are useless [29]. However, for example, the patent that con- 
tains the blue diode invention has incredibly benefitted the 
person and the company who invented it. 

To measure the value of patents, there are several ways. 
One of them is renewal [30]. To retain the right of a patent, 
the patent holder has to pay the renewal fee. If a patent is 
retained long, this can be regarded as evidence of value. An- 
other measurement is a number of claims |31| . The number of 
claims in patents can be a proxy of how broad or complicated 
patents are. The last measurement is citation. If a patent is 
often cited, the number of citations can be regarded as the 
value of the patent. The citation has been most commonly 
used and well verified to show how a citation can be a good 
indicator of value [32]. We use the citation because not only 
it is the most plausible, but it helps us to compare the broad, 
previous studies [321 1331 [17] that useed citations. 

In the datasets, each patent has a number of citations. 
We have to consider the skewness of the distribution because 
old patents have a higher chance of being cited. Therefore, 
we normalized the number of citations by using the average 
of the citations of patents in the same year. In line with pre- 
vious studies, we define the impact of patents as the number 
of normalized citations. 

Fig. [6] shows the average impacts of solo-authored and 
team-authored patents. This figure obviously shows that the 
team-authored patents have more impact. The same phe- 
nomenon was already discovered in the previous study [17| . 

Fig. [7]shows the average impacts of patents applied for by 
solo companies and teams of companies. As is the case of in- 
ventors, teams of companies show a higher impact. A previous 
study predicted this phenomenon in which inter-institution 
papers have a better impact than do intra-institution papers 
[34] . However, we have to consider these facts carefully. In 
the U.S., the same measures show 1.17 for solo companies and 
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1.23 for teams of companies. The result gives us the same in- 
dication, but the gap is apparently small. Hence, it seems that 
the phenomenon can be affected by the difference of cultures 
or climates. 

So far, we have simply discussed the average impact of 
links. However, these links have some characteristics: the 
geodesic distance between inventors, the attributions of con- 
nected nodes, the oldness of the links, and so on. For exam- 
ple, the impact of inventors increases if the geodesic distance 
is large or the nationality is different [35| . 

Here, we consider the oldness of the links. Fig. [8] is the 
transitions of impacts between the inventors. The vertical 
axis shows the average impact. The horizontal axis shows the 
number of repetitions between the same inventors. For exam- 
ple, if inventors A and B apply for a patent for the first time, 
the number of repetitions is one. If another patent is applied 
for by the same inventors (or a group including the same in- 
ventors), the number of repetitions is two. All combinations 
and repetitions between inventors are counted and averaged. 
In addition to this, the horizontal axis has logarithmic bins. 
"2-10" means the average of all patents that are from two 
to ten repetitions. Apparently, the impacts decayed as the 
repetition continued. US patents had the same tendency. 

Fig. [9]is the transitions of impacts between the companies. 
The meaning of the figure is the same as Fig. [8] Although, 
globally, this figure also decayed as the repetition continued, 
there is a peak at "2-10" repetitions. This means that experi- 
ence is working positively in companies as opposed to inven- 
tors. In US, the distribution does not simply decay either, 
but the population was too small to discuss. 

As we mentioned in the beginning of this section, here we 
discuss the importantce of the layered networks. Table [2] is 
a cross table between inventors' and companies' repetitions. 
The table contains the repetition of "1" and "2-10" for each 
network. All patents counted in the table are inter-company 
ones. For instance, a patent can be the first patent between 
two inventors who belong to different companies. This is cat- 
egorized in the upper-left cell and simultaneously the second 
patent between the two companies. The patent is counted in 
the lower-left cell of the table. There are no patents in the 
upper-right cell from the definition. All combinations of these 
impacts are significantly different depending on the popula- 
tion and non-parametric tests. 

The table directly illustrates the importance of the layered 
networks. From the viewpoint of inter-company links, the av- 
erage impact of the repetition "2-10" significantly varies ac- 
cording to the repetition of inventors. In the same way, from 
the viewpoint of inter-inventor links, the average impact of 
the repetition "1," again, significantly varies according to the 
repetition of the companies. From this result, it is important 
to consider the layered networks of inventors and companies. 
More specifically, how and when these links grow is also im- 
portant. We will discuss a replication model that can predict 
them. 



Model 

On the basis of the observation so far, we propose a model to 
replicate the observed network. Especially, we aim to replicate 
the degree distributions of the networks because the interest 
of this paper is links of the networks and the form of degree 
distributions can grasp the feature. 



Guimera et al.'s model. Our model is based on Guimera et 
al.'s model [26]. The model aims to replicate the self-assembly 



of creative teams and has three parameters: team size (m), 
the fraction of newcommers in new productions (p), and the 
tendency of incumbents to repeat previous collaborations (q). 

They explained with an example. Fig. 1101 follows it. The 
model has an endless pool of newcomers. Newcomers become 
incumbents after being selected. The model adds members 
to a team according to m The probability p shows a mem- 
ber is drawn from the pool of incumbents. If a member is 
already chosen from the pool of incumbents and there is al- 
ready another incumbent that are already connected but not 
chosen, with the probability q a new member is chosen from 
the incumbent. Otherwise, a member is chosen from the all 
incumbents. Fig. [11] shows the process of how the model 
proceeds. The process is repeated m times for each team. 

As a comparison to our model, we simply applied the 
model to replicate twofold networks. There are several ways 
to create the sequence of m: (a) keep m a constant, (b) draw 
m from a distribution, and (c) draw m from the observed 
distribution. In this paper, we draw m from a distribution. 
There is no apparant distribution for the observed distribu- 
tion (Fig. [3]|. However, we choose Poisson distribution for 
simplicity. The equation is 



where 7 is a parameters. Therefore, parameters are set as 
follows:7 = 2.23, p = 0.73, and q = 0.69. The number of 
added patents (P) is 1,307,429. All these numbers are ac- 
quired from the observed networks. Each inventor is randomly 
assigned a company from the number of observed networks 
(30,643) when the inventor, that is, a newcomer is created. 

Fig. [13] shows the inventors' degree probability distribu- 
tions of Guimera's model and the observed network. We can 
see the model replicates the observed network well. On the 
other hand, Fig. [14] shows companies' degree distribution. 
The disbribution of the model looks like a normal distribu- 
tion with some deviation. In the first place, the difference 
between observed and generated distributions is natural be- 
cause all inventors are randomly connected to companies. The 
strange form of the generated distribution can seemingly be 
explained as follows: (1) All inventors are randomly assigned 
a company. Even though there are no directions of links, this 
works as starting points of company links. This leads to the 
big bell curve of the distribution. (2) Terminal points of the 
links form the small deviation on the right. When p is true 
and q is false, inter-company connections are created toward 
the companies that have large numbers of inventors. 

Our model. Fig. [12] shows the model we propose. Guimera 
et al.'s model remains in the upper left. The model newly 
contains a process for choosing companies (X) and creating 
companies (Y). When an inventor is a newcomer, there is two 
possibilities. If the inventor is the first member, Y is executed. 
If it is not, X is executed. 

X has a parameter r. r k , where k is a number of com- 
panies that already exist in the patent, is the probability to 
choose a company from the pool of all existing companies and 
assigned to the newcomer or the incumbent. If r k is not ture, 
the same company that one of members already belong to is 
chosen to the newcomer or the incumbent as well. Y has a 
parameter s. s is the probability to create a new company 
and assign it to the newcomer. If s is not true, a company is 
randomly chosen from the pool of all existing companies and 
assigned to the newcomer. 

These new parameters, r and s can be acquired from the 
observed data as well. 
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Simulation result and discussion. We added the settings, r — 
0.06 and s = 0.085. Other settings are the same as those of 
the Guimera et al's model. Fig. 1151 and Fig. 1161 show the re- 
sults. The inventors' degree distribution is still followed well. 
In addition, the companies' degree distribution is improved. 

If we see Fig. [15] carefully, the slope of the generated 
network is steeper than the Guimera et al.'s model. This is 
because a node that gets a high degree should assemble links 
widely. However, our model put a restriction on it because the 
connections between inventors sometimes have a restriction of 
companies. 

Our model has two good points. First, all parameters are 
acquired from observed data, therefore, no tuning is required. 
Hence, if we get the observed data, we can immediately build 
the model. Second, all decision making is local. All choice 
in the process is random choices or the same choices as other 
members. It can be said that this is a realistic model. On 
the other hand, for example, if a model has a preferential at- 
tachment [36] process, global information, that is, all degree 
information has to be known. 

Out model has two bad points. First, our model can- 
not follow other measures' distributions very well. These are 
the clustering coefficient and the average degree of neighbors. 
This is an open problem in the future. 



Summary 

In this paper, we attempted to clarify the dynamics between 
inventors and companies from the viewpoint of the network 
of collaborations. We used US and JP patent data, extracted 
collaborations between inventors and companies, and created 
the two different networks based on the tripartite graph of 
patents, companies, and inventors. 

First, we discussed the links' impacts, which are calculated 
as normalized citations. The average impacts of the team- 
authored patents were better than those of the solo-authored 
patents for both inventors and companies. However, the links 
showed a different characteristic when we saw the relationship 
between the repetition of collaborations and impacts. The 
impacts of the inventors' collaboration decayed as the repe- 
tition continued. In comparison, the companies showed past 
experience were positively affected in the beginning. We also 
discussed the cross table of repetition between inventors and 
companies. The table directly illustrates the importance of 
the layered networks. The impact of patents are strongly af- 
fected by both inventors' and companies' repetition of collab- 
orations. Consequently, we found that considering the layered 
networks is important. 

Next, we created a model to replicate the two-layered net- 
work in order to understand the evolution of the network. The 
model is based on Guimera's model and is added two param- 
eters to them. It could replicate the observed network well in 
terms of degree distributions. 

Appendix: Other models 

The models described in this section can also create 
twolayer networks. The first Guimera et al.'s model with a 
preferential attachment is much more complicated than the 
model in the body of this paper but replicated the observed 
network well. On the other hand, the second Goldstein et 
al.'s model is less complicated than the model in the body 
but we can see the inevitable disaccord between distributions 
replicated by this model and the observed ones. 



Guimera et al.'s Model with a Preferential Attachment. 



Model description 

This model is separated into two layers to generate each layer 
of a network respectively. The first layer is a company net- 
work that has companies as nodes and the joint-applications 
between them as links. The second layer is an inventor net- 
work that has inventors as nodes and the joint-applications 
between them as links. Each inventor belongs to a company. 
When a patent is added to the networks, nodes and links are 
added into each network. This process lasts until a certain 
number of patents (P) are added. The following is the de- 
scription. 

Initial state: First, we already have three connected inven- 
tors that belong to the same company. 

Company network part: The number of companies (m c ) 
is decided on the basis of a power-law distribution. This is be- 
cause a power-law distribution roughly fits the observed dis- 
tribution (Fig. [5]l ■ The equation is 

p mc = «m~ /3 , [2] 

where a and f3 are parameters. As a constraint in the process, 
if the calculated m c is larger than 42, which is the maximum 
number of the observed network, m c is recalculated. Company 
nodes and links are added by the following process, and they 
are mutually connected as is the case of a complete graph. To 
choose each company, a probability (p c ) of a binary is used. 
If p c , an existent company is chosen. Also, the probability 
to choose an existent company is proportional to the degree; 
that is, 

n(*o = h/^kj. [3] 

3 

If 1 — p c , a new company is created. 

Inventor network part: Each company has one or more 
inventors. The number of inventors for each company is ran- 
domly decided. The number of inventors (m,i) is decided on 
the basis of Poisson distribution. Poisson distribution is one 
of the most probable distributions that fits the observed dis- 
tribution (Fig. 2J. The equation is 



where 7 is a parameters. As a constraint, if the calculated 
rrii is larger than 17, which is the maximum number of the 
observed network, mj is recalculated. Also, if the number 
is smaller than the number of companies, m% is recalculated, 
too. We introduced Guimera's model |26] to this part. To 
choose each inventor so that each company has one or more 
inventors, we use a probability pi. If 1 — pi, a new inventor 
is introduced. If Pi, an incumbent is chosen. There are two 
types of incumbents: past collaborators and new collabora- 
tors. To choose one of them, another probability (qi) is tried. 
If qt, a past collaborator is chosen and vice versa. 

Simulation Result 

First of all, the parameters were set as: P — 1,307,429, 
p c = 0.98, pi = 0.73, qt = 0.69, a = 0.92, /3 = 5.11, and 
7 = 2.23. All these parameters were acquired from the ob- 
served network. 

Fig. [17] is a comparison of the degree probability dis- 
tributions of inventor networks. The figure has plots of the 
result of the replication and the observed network. The model 
replicated the observed data well. Although it is known that 
Guimera's model [26] can replicate this type of distributiorQ, 
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this has to be verified because, in their verification, irn was a 
constant, and the inventor network might be skewed by the 
company network. 

Fig. [T5]is a comparison of the degree probability distribu- 
tions of company networks. The figure has plots of the result 
of the replication and the observed network. Again, the model 
replicated the observed data well. 

Goldstein's Model. 

Model description 

Goldstein et al. proposed a group-based Yule model [37]. Yule 
model, which is proposed by Yule, aims to simulate biolog- 
ical evolution. Goldstein et al. uses Yule model to repli- 
cate a author-paper network. We can directly translate the 
word "group" in their work into the word "organization" in 
this paper. They did not mention any structure of the net- 
works among organizations. However, we found this model is 
promising and simple. 

Fig. [19] is a reprinted diagram for the model from their 
paper. When a paper is created there is a probability a that 
a new author group is created with N_g all new members, 
where N g is a constant. The number of authors of the paper, 
N(X) is the first author plus a Poisson-distributed number of 
additional authors. This one-shifted-Poisson distribution has 
parameter A. The probability distribution of the one-shifted- 
Poisson, psp(fe), is given in Eq. [5]: 



Psp(fc) 



(fc-1)! 



fc = {l,2,...}, 



where k is the number of authors and psp(k) is the probability 
of a paper having k authors. 

If a new group is not created, an existing author group is 
chosen using the following probability distribution: 



[61 



where q is the number of papers that this group has published, 
N p is the total number of papers in the network, and p g (q) is 
the probability of an existing group authoring a paper. 



There is a probability /3 that an author is from another 
group. The selection is done by another preferential process. 
The probability of selecting an author i in the group is 



kj + 1 



[7] 



where ki is the number of papers written by author i, Ay is 
the sum of the number of authorships among the authors in 
the group and N g is the number of authors in the group. 



Simulation result 

The value of parameters, that is, a, ft, and 7 can be acquired 
from the observed data. However, if we use the observed val- 
ues for them, the model shows the result far from the observed 
one because N g is fixed in this model. Therefore, we tuned 
these values to replicate the observed distribution by hand. 
The parameters were set as: a = 0.33, /3 = 0.1, 7 = 1.53, and 
N g = 20. Also, 300,000 patents (or papers in their applica- 
tion) were added. 

Fig. [2S] is a comparison of the degree probability distri- 
butions of inventor networks. The figure has the result of 
the replication and also the plots the observed network. It 
is difficult to say the model replicated the observed data well 
because the tail of the distribution shows a linear shape in the 
model. 

Fig. [21] is a comparison of the degree probability distri- 
butions of company networks. The distribution of the model 
looks like a linear distribution in the tail. On the contrary, the 
head shows curvilinear and it is not similar to the observed 
distribution. 

This model requires global information to calculate Eq. 
[5] and [TJ. This can also be thought as shortcomings. 

The model could not show the close distributions. How- 
ever, the attractiveness of this model is the simplicity. In ad- 
dition, these deviations might be revised by introducing the 
variable N g that is a constant in the original model. 
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Table 1. Overview of datasets 





US 


JP 


Duration (year) 


1963-1999 


1994-2008 


# of all patents 


2,923,922 


1,967,361 


# of companies 


33,515 


72,841 


# of patents by companies 


722,350 


1,696,635 


# of patents by multiple companies 


28,345 


132,704 




(1.0%) 


(7.8%) 


# of inventors in company 


285,418 


829,052 


# of patents by multiple inventors 


347,450 


1,043,639 



Table 2. Cross repetition table between inventors and 
companies 





Inter-inventor repetition 




1 


2-10 


Inter-company repetition 1 


3.27 


n/a 


2-10 


3.73 


2.92 




Inventor 
Network 

Company 
Network 



Fig. 1. The process for creating two-layer networks from observed data 
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Fig. 4. Distribution of inventors' team size 



Fig. 5. Distribution of companies' team size 
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Fig. 6. Average impact of inventors: solo-applied and team-applied patents 
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Fig. 7. Average impact of companies: solo-applied and team-applied patents 
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Fig. 8. Average impact of repetitions between inventors 
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Fig. 9. Average impact of repetitions between companies 
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company 

Fig. 12. Process of our model 
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Fig. 13. Compa rison of inventors' degree distribution: observed and generated by Guimera et al.'s model 
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Fig. 14. Comparison of companies' degree distribution: observed and generated by Guimera et al.'s model 
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Fig. 15. Comparison of inventors' degree distribution: observed and generated by our model 
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Fig. 16. Comparison of companies' degree distribution: observed and generated by our model 
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Fig. 17. Comparison of inventors' degree distribution: observed and generated by Guimera et al.'s model with a preferential attachement 
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Fig. 18. Compa rison of companies' degree distribution: observed and generated by Guimera et al.'s model with a preferential attachement 
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Fig. 19. Goldstein et al.'s group based Yule model (Reprinted) [^] 
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Fig. 20. Comparison of inventors' degree distribution: observed and generated by Goldstein et al.'s model 
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Fig. 21. Comparison of companies' degree distribution: observed and generated by Goldstein et al.'s model 
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